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Introduction 
 
Numbers of anadromous salmonids have greatly decreased from previously 

recorded levels for many stocks in the northwestern United States (Nehlsen et al. 1991).  
For instance, numbers of salmon and steelhead trout (Oncorhynchus mykiss) in the 
Columbia River Basin have plummeted from an estimated 10-16 million adults to about 
1.5-4 million adults during this century (Northwest Power Planning Council 1986).  
Factors thought to be driving these declines include deleterious effects of hydroelectric 
dams on upstream access and downstream passage, loss or degradation of freshwater 
spawning and rearing habitats, overexploitation by commercial fisheries, and detrimental 
impacts of hatchery fish on wild populations (Nehlsen et al. 1991, National Research 
Council 1996, Lee et al. 1997).  Efforts to ensure long-term persistence of these 
populations are hampered by conflicts with local socioeconomic interests, and 
uncertainties associated with complex life history patterns of anadromous salmonids 
(Bisson et al. 1992) and with the overall system (Lee and Grant 1995).   

 
A cooperative effort is currently underway by scientists from various state, 

federal, tribal, and private agencies to construct a formal decision analysis for evaluating 
different management alternatives for restoring threatened and endangered stocks of 
steelhead, fall chinook, and spring/summer chinook in the Columbia River Basin; this 
effort is called PATH (Plan for Analyzing and Testing Hypotheses) (Marmorek and 
Peters 1998).  An especially challenging aspect of the PATH process is to identify and, 
when possible, resolve sources of uncertainty associated with the complex life cycle of 
anadromous salmonids in the Basin.  The PATH group has categorized these sources as 
hydrosystem, habitat, harvest, hatcheries, and climate (Marmorek and Peters 1998).  
Hydrosystem options have received the majority of focus to date, and hence there is a 
need for an investigation into the influence of other factors, such as freshwater rearing 
habitat, on numbers of anadromous salmonids.  Further, an emphasis on a landscape or 
basinwide level approach is necessary to properly evaluate possible influences of habitat 
factors on numbers of anadromous salmonids in their rearing environments (Schlosser 
1991, Roper et al. 1994).  To our knowledge, there are no published articles assessing 
these relationships on a landscape scale in the Columbia River Basin.  

 
In this paper, we investigate possible relationships between landscape habitat 

characteristics and density categories of steelhead trout and spring/summer chinook 
(Oncorhynchus tshawytscha) parr within index streams in the Snake River drainage in 
Idaho.  This geographical area is of particular importance because Snake River stocks of 
steelhead trout and spring/summer chinook salmon have been listed as threatened under 
the Endangered Species Act (Federal Register 1997, 1998a).  This paper is part of the 
ongoing PATH process that is evaluating the importance of various factors potentially 
affecting the persistence of anadromous salmonid stocks in the Columbia River Basin. 
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Methods 
 
General Parr Monitoring Program 
 

The Idaho Department of Fish and Game (IDFG) and several cooperating 
agencies have been surveying numbers of juvenile steelhead trout and chinook salmon in 
the Salmon, Clearwater, and lower Snake River drainages in Idaho since 1984 (Hall-
Griswold and Petrosky 1996).  These drainages contain nearly all of the wild and 
naturally-producing steelhead trout and chinook salmon in Idaho (Petrosky and Holubetz 
1986).  Originally, a primary objective of these surveys was to assess effects of various 
habitat mitigation actions on local numbers of steelhead and chinook parr.  Some stream 
sections were stocked with hatchery fish to better evaluate population responses of parr to 
mitigation measures (Petrosky and Holubetz 1986).  Since the early 1990’s, however, 
long-term monitoring of parr numbers has been the primary focus (C. Petrosky, pers. 
commun.).  Results of these surveys have been incorporated into a single database by 
IDFG personnel. 

 
The following is a summary of the sampling protocol used to generate data 

contained within the general parr monitoring database.  Indices of relative abundance 
were obtained via snorkel counts by divers swimming approximately 100 m upstream 
within stream sections.  One to five or more divers were used depending on stream size 
(see Petrosky and Holubetz 1986 for a more detailed description of snorkel counts).  
Stream sections were chosen based on a variety of reasons such as access, existence of 
previous counts, perceived quality of rearing habitat, etc. (J. Hall-Griswold, pers. 
commun.).  Thus, selection of stream sections was nonrandom, but they represented a 
spectrum of habitats, stocks, and production types (i.e., wild [native] and natural [having 
a previous hatchery influence]; Rich and Petrosky 1994).  Although an attempt was made 
to survey the same sections over time, location and size of snorkeled sections often varied 
across years mainly due to loss of previous section boundary markers, difficulties in 
relocating inadequately described sections, loss of access, and annual differences in 
stream flows.  Further, not all sections were surveyed every year because of manpower, 
funding, and logistical constraints (J. Hall-Griswold, pers. commun.).   In addition, a 
stream prioritization plan was implemented in 1995 that defined the annual frequency at 
which different stream sections would be snorkeled (Hall-Griswold and Petrosky 1996).   

 
Subsetting the Data 
 

We only analyzed counts from stream sections where mitigation measures and 
stocking were not applied (see Rich and Petrosky 1994:Appendix B) because of their 
confounding effects on the relationship between habitat and fish numbers.  Also, we 
limited our analyses to counts conducted when the water temperature exceeded 9 oC 
because of the low detectability of fish below this temperature (Thurow 1994).  Further, 
only count data collected during 1986-1995 were considered for our analyses because 
these data had been verified for input accuracy in the IDFG database (Hall-Griswold and 
Petrosky 1996). 
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 Counts were divided by the estimated area of each snorkeled stream section to 
convert them into density indices.  Because these snorkel counts were uncorrected for 
incomplete detectability of fish and therefore contained an unknown amount of bias 
(Thompson et al. 1998), we pooled density indices into two categories in attempt to 
alleviate effects of this bias.  Specifically, we defined these categories as: 1) parr absent 
or at low densities and 2) parr at moderate to high densities.  Low density values for both 
species were defined based on fish density/habitat ratings used by IDFG to categorize 
quality of rearing habitat; these values were 0.06 parr/m2 for steelhead and 0.12 parr/m2 
for chinook (Hall-Griswold and Petrosky 1996).  Thus, observed parr densities at or 
below 0.06/m2 for steelhead or 0.12/m2 for chinook were placed in category 1, whereas 
higher observed densities were placed in category 2.   
 
 We pooled A and B runs for steelhead, and spring and summer runs for chinook 
because sample sizes were inadequate to model these data separately.  Although peaks in 
average relative densities differed slightly between A and B runs for both species in a 
couple of years during 1986-1990, their 90% confidence interval broadly overlapped.  
We also included both wild and natural populations in our analyses.  Further, we 
concentrated on counts from B channels (Rosgen 1985) for steelhead and C channels for 
chinook because these are their preferred habitats (Hall-Griswold and Petrosky 1996) and 
therefore should support higher densities of parr.  Finally, data from the year with the 
highest average observed density for each species were used in our investigation of 
landscape linkages.  We did this to maximize our ability to detect a difference between 
high and low quality sites.  Preliminary analyses suggested that average relative densities 
of fish were similar between better quality sites and lower quality sites during years of 
low numbers, whereas there was a distinct difference between these sites during years of 
high numbers (J. Peterson, pers. commun.).  Difficulties associated with site 
identification, nonrandom site selection, incomplete time series of surveys, and counting 
bias precluded use of typical approaches for modeling time series data.   
 
Modeling Approach 
 
 We employed the basic approach to model building and selection suggested by 
Akaike (1973) and further explained by Burnham and Anderson (1998).  First, we 
constructed a global logistic regression model with density categories as the dichotomous 
response (see above) and landscape-level habitat covariates that we deemed biologically 
most relevant as predictors.  Landscape habitat data were compiled by Lee et al. (1997) at 
the subwatershed level of spatial scale (6th field Hydrologic Unit Code [HUC6]), which is 
about 7,800 ha on average within the Columbia Basin, and were generally categorized as 
physiographic and geophysical or anthropogenic (Table 1). 
 

We then assessed the fit of the global model via the Hosmer-Lemeshow 

goodness-of-fit (GOF) test and checked the Pearson 
2χ  residuals for obvious outliers 

(Hosmer and Lemeshow 1989).  The Hosmer-Lemeshow GOF statistic is generated by 
ordering observations by their event probabilities, grouping them into a g×2  table 
(where g  is number of groups; see Hosmer and Lemeshow 1989 for the grouping 
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procedure), and calculating a Pearson 
2χ  GOF statistic for this table.  Small P-values 

indicate model lack of fit.  If the global model adequately fits the data, we constructed a 
subset of candidate models from it that represented biologically meaningful combinations 
of the landscape covariates.  Each subsetted model was assumed to provide an adequate 
fit if the global model did so (Burnham and Anderson 1998). 

 
 Model selection was performed using a modification of Akaike’s Information 
Criterion (AIC) (Akaike 1973, Burnham and Anderson 1998).  An extension of 
likelihood theory, AIC is an estimate of the relative distance between model pairs 
(Burnham and Anderson 1998), where distance refers to the Kullback-Leibler distance of 
information theory (Kullback and Leibler 1951).  The Kullback-Leibler distance is a 
measure of the degree of information loss when a model is used to approximate reality 
(Cover and Thomas 1991, Burnham and Anderson 1998).  Specifically, AIC is defined as 
 

( ) k2Llog2AIC +−=  ,     Eq. 1 

 
where L is the likelihood function calculated from the maximum likelihood estimates of 
the model parameters and k is the number of estimable parameters in the model 
(Buckland et al. 1997, Burnham and Anderson 1998).  We used the small sample 
adjustment to the AIC that also corrects for overdispersion in count data, called QAICc.  
This statistic is calculated as 
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where ĉ  is the GOF 
2χ  statistic for the global model and n  is the sample size (Burnham 

and Anderson 1998).  We used ĉ  to adjust for overdispersion in parameter estimates for 
each candidate model as well. 
 

Models with lower QAICc values are considered better approximating models.  
However, QAICc is a relative statistic.  The meaningful quantity for comparing candidate 
models is the difference between a particular model’s QAICc value and the lowest 
QAICc value from all models; this difference is referred to as �QAICc (Burnham and 
Anderson 1998).  The relative plausibility of each model given the data (iw ) then can be 

computed as 
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where ¢QAICci is the ¢QAICc value for the ith model in a set of I candidate models 
(Buckland et al. 1997).  These iw , or model weights, also can be used in model 
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averaging.  Instead of assuming a single “best” model and using its parameter estimates 
to make inferences, we based our inferences and predictions on a composite model 
generated from the iw  weighted average of parameter estimates for each landscape 

covariate from the set of candidate models (see Buckland et al [1997] for a more in-depth 
discussion of model averaging).  This composite model only contained landscape 
covariates that were in those candidate models whose iw  were at least one-tenth of the 

maximum iw .   

 
Interpreting Model Results 
 

Data for landscape covariates were standardized so that their parameter estimates 
could be interpreted on a common scale.  Using observed parameter estimates, we 
computed a conditional odds ratio for each covariate to facilitate interpretation of the 
magnitude of its effect on observed parr densities.  Conditional odds ratios were 
multiplied by a constant whose magnitude allowed an ecological interpretation of the unit 
change (Hosmer and Lemeshow 1989).  For example, the conditional odds ratio for 
SLOPE was multiplied by 10 because we felt a 10% change in SLOPE from one 
subwatershed to another had more meaning than a single unit (1%) change in SLOPE. 

 
We did not simply rely on statistical significance to interpret model results 

because a conditional odds ratio could be small enough to be considered biologically 
unimportant but still be statistically significant (i.e., does not include 1 in the confidence 
interval; Yoccoz 1991).  Therefore, we assessed the biological importance of each 
covariate in the composite model by computing 90% confidence intervals for the 
conditional odds ratios (see Hosmer and Lemeshow 1989:44, 57) and interpreting the 
magnitudes of the values contained within these intervals (Gerard et al. 1998).  A 
confidence interval that only contained values whose sizes were considered meaningful 
indicated a biologically important influence of the covariate on observed parr densities.  
Conversely, an interval that only contained values whose magnitudes were considered of 
minimal importance indicated a covariate with little influence on observed parr densities.  
Finally, a confidence interval that contained values either on both sides of 1 or whose 
range included both biologically important and unimportant magnitudes indicated 
inconclusive results due to imprecision from inadequate sample sizes.  We used SAS 
(SAS Institute, Inc. 1996) for all of our analyses. 

 
Results 
 

We used data from 1990 for steelhead and 1987 for chinook because these years 
contained both the highest average observed densities of parr and narrowest confidence 
intervals of these estimates for each species.  The global model with steelhead density 
categories as the response variable adequately fitted the data (Hosmer and Lemeshow 
GOF statistic = 9.81, 7 df, P = 0.20) and had no obvious outliers.  After removing one 
obvious outlier, the global model for chinook also adequately fitted the data (Hosmer and 
Lemeshow GOF statistic = 6.06, 7 df, P = 0.53).   
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For the steelhead parr data, the model containing mean annual precipitation 
(PRECIP) and percent unconsolidated lithology (UNCONSOL) was the best 
approximating model but was only slightly more plausible than the next highest ranked 
model (Table 2).  The composite habitat model contained three covariates whose 
conditional odds ratios were statistically significant (Table 3), but only one 
(UNCONSOL) had a fairly strong effect on observed parr densities.  That is, moderate to 
high observed densities of steelhead parr were at least 1.43 (1/0.701) times less likely to 
occur in subwatersheds with every increase in 10% unconsolidated lithology than low 
observed densities.  Thus, there was a negative relationship between observed steelhead 
parr densities and unconsolidated lithology.   

 
Both mean annual maximum summer temperature and percent mafic lithology 

had small positive effects on moderate to high observed densities of steelhead parr.   
Moderate to high steelhead parr densities were at least 1.09 times more likely to occur in 
subwatersheds with every increase in 2 oC mean annual maximum summer temperature, 
whereas parr densities were at least 1.12 times more likely to occur in subwatersheds 
with every increase in 10% mafic lithology (Table 3).  Information on all other covariates 
in the composite habitat model was inconclusive. 

 
For the chinook parr data, the candidate model containing mean annual 

precipitation, percent of subwatershed containing >50% slopes, and geometric mean road 
density was nearly three times more plausible than the next best approximating model 
(Table 4).  The composite habitat model for the chinook data contained three covariates 
that were statistically significant, two of which had at least a fairly strong effect on parr 
densities (Table 3).  Geometric mean road density had a decidedly negative relationship 
with chinook parr densities in that moderate to high densities of parr were 1.78 (1/0.562) 
times less likely to occur in subwatersheds with every increase in 2 km/km2 road 
densities.  Conversely, moderate to high densities of chinook parr were at least 1.29 times 
more likely to occur in subwatersheds with every 200 mm increase in mean annual 
precipitation.  The lower bound of the conditional odds ratio for percent slope >50% in a 
subwatershed was statistically significant, but of trivial magnitude (Table 3).  Evidence 
was inconclusive for the remaining covariates in the chinook composite habitat model. 

 
Discussion 
 

Results generated from our analyses must be viewed within the limitations of the 
parr monitoring data set.  First of all, our analyses suffered from the fact that our 
objective differed from the one originally set forth in the parr monitoring project.  
Therefore, we had to subset the data to conform to our needs.  Second, problems with 
study design, particularly the unknown impact of bias generated from the nonrandom 
selection of stream sections and counts uncorrected for incomplete detectability of 
individuals, compelled us to further subset and pool the data.  In the latter case, simply 
modeling raw counts with covariates thought to influence detectability of fish will not 
correct for sampling bias, but will only reflect how well the covariates relate to the biased 
counts.  The matter of confounding still exists.  Such a modeling approach would only be 
valid if: 1) the nature and magnitude of the counting bias was known for single or 
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repeated counts; or 2) repeated counts were conducted on each stream section and the 
true abundance did not change among counts.  Changes in both abundance and covariate 
values across repeated counts produces confounding between biased counts and 
covariates (K. Burnham, pers. commun.).  Third, by scaling up to the subwatershed level, 
we had to assume that the sampled stream sections were an adequate representation of 
steelhead or chinook populations for all relevant stream sections (i.e., B or C channels) 
within their respective subwatersheds.   

 
Within the boundaries of inference allowed by the data set, there were some 

patterns that emerged between density categories of steelhead and chinook and various 
landscape attributes.  The negative influence of geometric mean road density on relative 
density categories of chinook should be of particular interest to land managers who are 
charged with ensuring the persistence of anadromous salmonid populations.  Lee et al. 
(1997) also reported a negative influence of road densities on population status of fish 
species, which was based on empirical data and expert judgement, in the Columbia River 
Basin.  These findings are notable with respect to the recent road closure policy proposed 
by the USDA Forest Service (Federal Register 1998b).   

 
The fairly strong negative influence of unconsolidated lithology on observed 

steelhead parr densities could be related to sedimentation.  An unconsolidated lithology is 
one that tends to slough off more than other, more consolidated lithologies, and hence 
would contribute more sediment inputs into surrounding streams, which could adversely 
affect parr survival (Crouse et al. 1981, Waters 1995).  Conversely, a mafic lithology 
contains a strong alkaline component and hence its inputs may be tied to higher alkalinity 
in streams, which has been previously related to increased fish production (Scarnecchia 
and Bergersen 1987, Waters et al. 1993, Kwak and Waters 1997).  This idea is consistent 
with the positive relationship between average maximum summer temperature (which 
was within the range of tolerance for steelhead) and observed steelhead parr densities, 
where elevated summer temperature may increase primary production in a stream.  

 
The fairly strong positive influence of mean annual precipitation on relative 

density categories of chinook parr may be related to the positive impact that stream 
discharge typically has upon survival rates of anadromous salmonids (Gibson and Myers 
1988, Bradford 1994, Fukushima and Smoker 1997).  However, other factors related to 
high stream flows may be influencing chinook parr densities as well, such as lower 
predation rates, increased rearing habitat (Bradford 1994), and decreased egg mortality 
due to freezing (Gibson and Myers 1988).  

 
Although our results cannot be properly extrapolated beyond the sites actually 

sampled, they do appear to support the PATH group’s continued evaluation of the 
relative importance of freshwater rearing habitats to the persistence of anadromous 
salmonid populations in the Columbia River Basin.  Further, despite the fact our 
modeling results are tentative due to the nature of the data, meaningful covariates 
identified in our analyses could be the starting point for any future investigations into 
building a predictive model for mapping approximate status and quality of rearing 
habitats for steelhead and chinook across relevant areas in Idaho (e.g., Bradford et al. 
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1997, Lee et al. 1997).  Such a model could be updated and refined as more and better 
information became available. 
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Table 1. Category and description of covariates used in modeling landscape habitat 
characteristics (Lee et al. 1997) with relative density categories of steelhead and chinook parr.  
Habitat characteristics are at the subwatershed (HUC6) spatial scale (see description in text). 
 
Category Model Covariate Description 
 
Physiographic and 
Geophysical 

 
Precip 

 
Mean annual precipitation (mm) based on the 
PRISM model  (Daly et al. 1994) 

  
Sumtemp 

 
Mean annual maximum summer temperature (oC) 

  
Slope 

 
Percent (%) of HUC6 with slopes > 50%  

  
Mafic 

 
Percent (%) of HUC6 with mafic lithology 

  
Unconsol 

 
Percent (%) of HUC6 with unconsolidated lithology 

 
Anthropogenic 

 
Georoad 

 
Geometric mean road density (km/km2) 

  
Mngclus 

 
Management cluster variable containing four land-
use categories:  
 
1) HIF (high impact forest) - high impact, grazed 
USDA Forest Service forest 
 
2) MF (managed forest) - moderate to high impact, 
ungrazed USDA Forest Service forest 
 
3) W  (wilderness) - USDA Forest Service 
wilderness 
 
4)  R (rangeland) - USDI BLM rangelands and 
moderate impact, grazed USDA Forest Service 
rangeland 
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Table 2.  Model selection results for logistic regression models containing landscape 
habitat  predictor variables and relative density response categories of steelhead parr 
sampled during 1990 (n = 79 HUC6s [155 stream sections]). 
 
 

Candidate Model 

 

QAICc 

 

�QAICc 

�QAICc  

Weight 

% of Maximum 

�QAICc Weight 

Precip, Unconsol     81.51     0    0.280            100 

Precip, Mafic    82.10     0.59    0.208              74.3 

Precip, Slope, Unconsol    82.96     1.45    0.136              48.6 

Sumtemp, Mafic    83.23     1.72    0.119              42.5 

Precip, Slope, Mafic    84.28     2.77    0.070              25.0 

Precip, Slope, Unconsol, 

Georoad 

 

   84.90 

   

    3.39 

   

   0.051 

                

             18.2 

Unconsol, Georoad, Mngclus    85.76     4.25    0.034              12.1 

Slope, Mafic    85.82     4.31    0.033              11.8 

Sumtemp    86.39     4.88    0.024                8.6 

Georoad    87.05     5.54    0.018                6.4 

Precip    88.30     6.79    0.009                3.2 

Global Model    88.58     7.07    0.008                2.9 

Precip, Slope, Georoad    89.44     7.93    0.005                1.8 

Mngclus    91.89   10.38    0.002                0.7 

Georoad, Mngclus    92.76   11.25    0.001                0.4 

Slope, Mngclus    94.13   12.62  <0.001                0.2 

Sumtemp, Mngclus    94.73   13.22  <0.001                0.1 
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Table 4. Model selection results for logistic regression models containing landscape 
habitat predictor variables and relative density response categories of chinook parr 
sampled during 1987 (n = 37 HUC6s [72 stream sections]). 
 
 

Candidate Model 

 

QAICc 

 

�QAICc 

�QAICc  

Weight 

% of Maximum 

�QAICc Weight 

Precip, Slope, Georoad   46.50     0    0.379          100 

Precip, Mafic   48.48     1.98    0.141            37.2 

Precip   48.77     2.27    0.122            32.2 

Precip, Slope, Mafic   49.15     2.65    0.101            26.6 

Precip, Slope, Unconsol, Georoad   49.16     2.66    0.101            26.6 

Precip, Unconsol   50.07     3.57    0.064            16.9 

Georoad   51.72     5.22    0.028              7.4 

Precip, Slope, Unconsol   51.98     5.48    0.024              6.3 

Sumtemp   53.50     7.00    0.011              2.9 

Slope, Mafic   53.87     7.37    0.010              2.6 

Sumtemp, Mafic   54.19     7.69    0.008              2.1 

Global Model   54.94     8.44    0.006              1.6 

Slope, Georoad, Mngclus   56.87   10.37    0.002              0.5 

Mngclus   58.05   11.55    0.001              0.3 

Slope, Mngclus   58.44   11.94    0.001              0.3 

Georoad, Mngclus   58.60   12.10    0.001              0.3  

Unconsol, Georoad, Mngclus   61.42   14.92  <0.001            <0.1 

 


